The deep ocean is the largest and least-explored ecosystem on Earth, and a uniquely energy-poor environment. The distribution, drivers and origins of deep-sea biodiversity remain unknown at global scales 1-3 . Here we analyse a database of more than 165,000 distribution records of Ophiuroidea (brittle stars), a dominant component of sea-floor fauna, and find patterns of biodiversity unlike known terrestrial or coastal marine realms. Both patterns and environmental predictors of deep-sea (2,000-6,500 m) species richness fundamentally differ from those found in coastal (0-20 m), continental shelf (20-200 m), and upper-slope (200-2,000 m) waters. Continental shelf to upper-slope richness consistently peaks in tropical Indo-west Pacific and Caribbean (0-30°) latitudes, and is well explained by variations in water temperature. In contrast, deep-sea species show maximum richness at higher latitudes (30-50°), concentrated in areas of high carbon export flux and regions close to continental margins. We reconcile this structuring of oceanic biodiversity using a species-energy framework, with kinetic energy predicting shallow-water richness, while chemical energy (export productivity) and proximity to slope habitats drive deep-sea diversity. Our findings provide a global baseline for conservation efforts across the sea floor, and demonstrate that deep-sea ecosystems show a biodiversity pattern consistent with ecological theory, despite being different from other planetary-scale habitats.
. These data provide a unique opportunity to uncover and compare deep-sea biodiversity patterns across three fundamentally different depth strata of the ocean, the continental shelf (20-200 m) , upper continental slope (200-2,000 m) and deep-sea (2,000-6,500 m) 7, 8 . Furthermore, we propose that the deep sea can be viewed as a third replicate biome (after terrestrial and shallow-water diversity) to untangle the role of fundamental processes that shape global diversity. We analysed the three bathymetric strata separately, spatially estimated and mapped total species richness across a global grid using multi-species hierarchical occupancy-detection models (MSODM), and formally tested a number of prominent hypotheses on the factors shaping deep-sea diversity patterns using spatial linear models (see Extended Data Table 1 ) and a species-energy framework.
Global patterns of species richness for shelf and upper-slope species are congruent with those of coastal marine species 9 . Both communities show diversity peaks in the tropical Indo-west Pacific and the western Atlantic Oceans (Fig. 1a, b) . However, in contrast to previous work, we find relatively high regional species richness around southern Australia and New Zealand (Fig. 1b) 9 . Species richness is generally suppressed on the western side of tropical America and Africa, and the northern Indian Ocean ( Deep-sea species richness shows a markedly different pattern, with peaks occurring predominantly at mid-to-high latitudes ( Fig. 1c and Extended Data Fig. 2c ), particularly across the boreal Atlantic Ocean, around Japan, New Zealand, western North and South America and western Africa.
When global ophiuroid richness is examined by latitude and depth ( Fig. 2) , it peaks in the tropics at continental shelf (20-200 m) and upper-slope depths (200-1,200 m). A strong latitudinal biodiversity gradient exists at these depths with reduced richness at mid-to-high latitudes (>45° S and >55° N). These results are congruent with prior studies of shallow-water 9 and terrestrial 10 global diversity gradients that suggest a unimodal diversity peak at low latitudes. However, at lower-slope to intermediate abyssal depths (2,000-6,500 m), bimodal maxima occur at temperate latitudes (30-40° S and 40-50° N), with distinct minima near the poles and at northern subtropical latitudes (15-30° N) . Thus the typical latitudinal gradient of species richness observed near the planetary surface does not hold in the deep sea.
We encode a priori hypotheses on processes expected to structure biodiversity 11 by encapsulating them as potential drivers in a spatially explicit statistical model (see list of hypotheses in Extended Data Table 1 ). Geographical variation in energy availability (the speciesenergy hypothesis) is a factor thought to shape terrestrial and marine global biodiversity 11, 12 , through radiation (light), thermal (kinetic) or chemical (potential) energy. Unlike other realms, the first of these can be excluded from the aphotic deep-sea environment. Thermal energy may affect diversity through several mechanisms, including physiological tolerances, speciation/extinction rates, and availability of metabolic niches 13 . Chemical energy in the form of reduced organic compounds is hypothesized to promote species diversity 13 ; in the deep-sea this would be reflected by food resource availability manifested as particulate organic carbon (POC) flux. Non-energetic factors tested included oxygen stress, reflected on the upper slope by oxygen minimization zones (OMZs) 14 ; the environmental stress hypothesis proposes that species richness has a negative relationship with environmental stress 15 . Finally, long-term connectivity between shallower shelf and upper-slope species to deep-sea communities is expected to affect species richness 16 via the regulation of deep-sea populations through extinction and radiation of species from connected regions 17 . Testing these hypotheses against patterns of deep-sea diversity helps disentangle the environmental, ecological and historical forces shaping global diversity.
Our statistical models revealed that the species-energy hypothesis is broadly supported at all depths, albeit through different forms of energy (Table 1) . A significant relationship (P < 0.01) between richness and sea-floor water temperature emerges at shelf and upper-slope depths, correlating with kinetic (specifically thermal) energy input from the sun. Strong thermal gradients are present in shelf and slope (but not deep-sea) regions, promoting greater species richness 13, 18 . However, there is a significant negative correlation between the diversity of shelf and slope environments and chemical energy, measured as POC flux to the sea floor (Table 1 ; POC, P < 0.05), probably because tropical shallow-water systems tend to be nutrient-poor. Conversely, deep-sea richness is not correlated with temperature but is significantly positively correlated with chemical energy export (Table 1; POC, P < 0.01) and regions of high seasonal surface productivity (SVI; P < 0.01). POC export is probably a key source of energy that maintains deep-sea species in regions of constant and low thermal energy [19] [20] [21] . The diversity of shelf communities within the model is also suppressed in OMZs (Table 1 ; oxygen stress 2 , P < 0.05). These zones are dysoxic, with less than 2 ml O 2 per litre of seawater, and are known to have substantially reduced faunal diversity and biomass 14 . Thus environmental stress appears to play an additional role in influencing global patterns of ophiuroid richness. For deep-sea environments, connectivity is also a significant predictor, with a decline in species diversity with distance from continental margins ( Table 1 ; DC, P < 0.05). This finding implies that the continental margins are a longterm source of abyssal diversity. This is consistent with the radiation hypothesis 16 that predicts deep-water diversity is maintained by immigration from bathyal sources 17 . Observed patterns of deep-water diversity may shed some light on the drivers of large-scale gradients of diversity in other environments. Mannion et al. 22 suggested that two different classes of latitudinal diversity gradients occurred over the history of the Phanerozoic eon (542 million years ago). A tropical maxima and polar minima existed during relatively cool 'icehouse' conditions 23 where there is a strong sea surface temperature divergence between equator and pole. Conversely, a flat diversity gradient or temperate peak occurred during warmer 'greenhouse' conditions, when there was less of a temperature gradient, indicating that thermal energy was probably a key driver of geographic variation in richness. Here we observe no tropical peak in diversity of deep-water assemblages (2,000-6,500 m), suggesting that it is uniform temperatures, rather than hot 'greenhouse' conditions, that supress a low-latitude diversity peak. Our results imply that energy availability determines the latitudinal diversity gradient, but in the deep sea, unlike the rest of the ocean, this derives from chemical rather than thermal sources.
Currently, we know little about the evolutionary processes that at least partially gave rise to bathyal and abyssal species diversity patterns. Multiple hypotheses postulate in situ diversification, or immigration from shallower depths 16, 24 . It is unclear how the abyssal and lower bathyal fauna re-establish after extinction events such as anoxia 25 . Our modelled estimates of species richness depict higher diversity on the upper slope; these results lend support to the upper slope being the source of deep-sea diversification. Observed patterns of species richness are highest near continents ( Fig. 1) , showing the relationship between deep-water diversity and connectivity to continental margins (Table 1) . Thus our data and analyses lend support to the theory that the deep-sea fauna at least partially originates from range expansion of upper-bathyal species into the deep-sea. However, these suggested peaks of diversity are also regions of high export productivity, a strong energetic predictor of richness. To delineate better the processes shaping evolutionary origins of deep-sea fauna, comprehensive phylogenies are required.
In conclusion, our findings reveal a unique global pattern of deepsea benthic biodiversity that is unlike any other environment. We are able to reconcile the vertical structuring of marine biodiversity through a species-energy framework, a fundamental theory of the origination of biodiversity. Our findings also support the radiation hypothesis, suggesting deep-water richness is maintained by immigration from shallower regions. These results have important implications for identifying potential protected areas on the high seas, both within and outside national jurisdictions. Tropical areas are typically highly diverse in shallow waters and on land, and thus often the focus for conservation efforts. In contrast, areas of higher export productivity and connectivity to shallower communities will need to be considered for conservation and management action in the deep-sea. Our results provide a much-needed empirical and spatial baseline for global conservation planning in the deep ocean, which is urgently motivated by the accelerating pressures from deep-sea fishing, mining and other cumulative impacts on this vulnerable region 26 .
Online Content Methods, along with any additional Extended Data display items and Source Data, are available in the online version of the paper; references unique to these sections appear only in the online paper. . Brittle-star species occurrence records were collected from three major bathomes: shelf (SH; 20−200 m), slope (SL, 200−2,000 m) and deep-water (lower slope and abyssal plane; LSA, 2,000−6,500 m). These depth strata were selected to reflect existing biogeographical bounds of bathyal ophiuroids 8 . Ophiuroid occurrences at hadal depths (>6,500 m) were removed as the data were very sparse and would probably result in fragile inference of patterns at these depths. Ophiuroidea identifications were verified by taxonomic experts to species level (including author T.O.). Specimens were collected using ad hoc, semi-quantitative and quantitative methods, including trawls, dredges, epibenthic sleds, grabs and corers. The highest density of ad hoc samples (for example, collections by hand) corresponded to coastal occurrence records (0−20 m) and were subsequently removed from analyses to minimise potential collection bias 28 .
The spatial extent and proportion of survey effort per 500-km cell were plotted to visualize spatial bias in collection effort (Extended Data Fig. 1) . Environmental data. Environmental and physical predictors were used to test hypotheses that seek to explain patterns of deep-sea species richness (see Extended Data Table 1 for a summary of hypotheses name, meaning, relevance, origin and related predictors). Environmental predictors were tri-linearly interpolated to the sea floor using global ETOPO1 ice-surface GIS bathymetric data set 29 . Annual mean sea-floor temperature (°C) (AMT), annual standard deviation of sea-floor temperature (°C) (ASDT) and annual mean oxygen (ml l −1 ) (AMO) were derived from the CARS 2009 data set 30, 31 . The CARS climatology physical oceanography data (1950-2009) were interpolated across the globe for 79 depth layers at a resolution of 0.5° latitude/longitude. We also calculated the proportion of AMO grid cells that had <2 ml per litre O 2 , a critical physiological limit for numerous marine species 32 and typically the threshold for oxygen minimization zones (OMZs) ) was estimated using NPP and SVI data and a productivity export model 34 . Distance from continental margins (DC) for deep-sea habitats was estimated based on the IFREMER Continental margins shape file 35 . We created a spatial layer that calculates distance of sea-floor habitat to nearest point on the 2,000 m contour around continental margins and islands.
For the statistical analyses, environmental predictors were averaged to cell size across the three bathomes (20-200 m, 200-2,000 m and 2,000-6,500 m). Strongly correlated variables (>0.7) were removed from analyses to avoid issues with colinearity of model coefficients (Extended Data Table 2 ). AMO was removed from the shelf analysis, due to its correlation with AMT. We removed NPP from analyses due to its correlation with POC flux. We selected POC flux over NPP as we were interested in the amount of carbon flux at the sea floor, rather than the surface. All independent variables used in statistical analyses were centred and normalized (mean = 0, variance = 1). All analyses were performed at spatial scales of 500 km equal area grid cells. Statistical analysis. We were interested in describing patterns of species richness and the processes that shape observed patterns in the deep-sea benthos. Many authors have approached these analyses using either bottom-up 36, 37 or top-down methods 10 . The respective merits of both approaches are still debated in the ecological literature 38 . We see merits in both approaches, using them for different purposes.
For a top-down approach we linked estimates of species richness derived from the estimated asymptotes of species accumulation curves to environmental and physical data using spatial regression models (SLMs). This assumes that the environment is likely to impose top-down limits of species richness, independently of species identities. Critically, unlike the species distribution modelling (see below), we estimated the number of species in a region (cell) independently of environment predictors, thus enabling us to assess potential determinants of richness in our modelling framework without circular reasoning. We therefore use this approach to test hypotheses of processes that shape global deep-sea species richness.
Our second approach used the summation of species distribution models to assess species richness. Here we used an extension of classic species distribution models that incorporates detection probabilities when assessing the distribution of modelled species. Details of our two approaches are discussed in the following section.
Spatial linear models (SLMs). Estimation of richness via species accumulation
curves. The 'coverage-based rarefaction' method 39 was used to estimate species richness on a cell-by-cell basis. This method estimates species richness based on a measure of sample completeness 39 . The aim is to estimate the 'sample deficit' , which represents the fraction of the community that remains undiscovered 40 . This is a novel alternative to species accumulation curves based on the extrapolation of individuals or samples 41 , and one which attempts to scale the richness of each cell to an equivalent level of sampling coverage for all cells. For our maps of diversity, we used a 75% coverage-based estimate of the number of species per cell as a conservative balance between extrapolation and completeness of sample coverage. For each cell we ran the estimator with 1,000 bootstraps, and took the mean as our point estimate of species richness for each cell. To assess the performance of cell-by-cell estimation of the number of species, we plotted all estimated species accumulation curves and their respective bootstrap bounds for each cell and visually assessed the curvilinear nature of each extrapolation. Species accumulation curves that (1) did not show asymptotic behaviour or (2) had extreme confidence bounds based on bootstrapping, were removed from further analysis. Species richness interpolations and extrapolations were calculated using the R package Vegan 42 and code adapted from the package iNEXT 43 .
Modelling of estimated richness as a function of environmental predictors.
Estimated species richness was used as a response variable in models that tested hypotheses about its relationship to environmental predictors. We used SLMs that explicitly account for spatial autocorrelation (Extended Data Table 3 ), specifically simultaneous autoregressive models (SARs) 44 . Neighbourhood size was selected using an error-SAR process, based on the minimum AIC for spatial null models (model containing the intercept and the spatial autocorrelation term). Neighbourhood sizes between 1,000 km and 10,000 km were tested at 100-km intervals. Neighbourhood size was determined independently for each depth strata, as it was expected that different bathomes would display differing extents of spatial autocorrelation due to different ecological and evolutionary process driving the spatial patterns of species richness. We used an all-model selection method to find the AIC-best model. We analysed the models and the relative importance of predictors through z-tests (SLMs). We used pseudo-R 2 to assess model fit. We fitted linear, and second-order polynomial functions for each predictor variable given that a number of studies have emphasized the importance of unimodal relationships with temperature 45 and POC flux 9 (Extended Data Fig. 3 ). Models were fitted using the errorslm function in spdep 46 package in R. Multi-species occupancy-detection models (MSODMs). The second approach for analysis involved MSODMs [47] [48] [49] , a relatively novel but promising communitymodelling framework that allows flexible consideration of species distributions and their detectability. This modelling framework is grounded in the view that species richness and other attributes of community structure are best described using models of individual species occurrence that explicitly account for imperfect detection during sample collection 50, 51 . This framework thus explicitly deals with potential biases in sampling effort, as those expected in our deep-sea species data.
MSODMs provide a hierarchical and explicit description of the state (species occurrences) and observation (species detection) processes. At the heart of the approach is the estimation of the incompletely observed site-by-species occurrence matrix, from which different summaries of community structure can be derived. The presence or absence of species i at a site j is described as the outcome of a Bernoulli trial
where ψ ij is the probability that species i is present at site j, and the latent variable Z ij represents whether the species is present or not at the site (Z ij takes value 0 or 1). The observation model describes the observed data as the outcome of a series of independent Bernoulli trials with probability p ijk at sites where the species is present (Z ij = 1) and 0 elsewhere, that is,
where Y ijk are the observed data (detection/non-detection of species i at site j during survey k), and p ijk are the corresponding species detection probabilities (the probability of detecting species i at site j during survey visit k). The model assumes that the occupancy status of cells (Z ij ) do not change during the survey period, which is a reasonable assumption at the geographical scale of our analysis and time frame of the data collection. Occupancy and detection probabilities can LETTER RESEARCH then be modelled as a function of relevant environmental predictors following the generalized linear modelling framework, for example, ψ β β β ( )= + × + ... + × logit c ovariate covariate
where n is here the number of predictors in the occupancy component of the model (including quadratic terms, interactions, and so on). In our model, occupancy probability was described as a function of the 12 to 14 covariates (depending on the depth strata) using linear and quadratic terms (Extended Data Figs 4 and 5). We ran a single model with all covariates and considered covariate contribution, rather than using model selection. Detection probability was described as a function of the collection method (for example, dredge or grab) used in each collection event (that is, survey visit k at site j)
In the MSODM framework, individual species models are linked through random effects in a hierarchical fashion, this way exploiting similarities in environmental responses to borrow information across species. This is achieved by describing the parameters from species-specific models as realizations from a common distribution, whose parameters (or 'hyperparameters') are estimated. For our analysis, parameters were described using independent normal distributions as follows
and ,
Once a MSODM is fit, species richness and other metrics of community structure can be derived based on the parameter estimates obtained. In particular, species richness is simply obtained by summing the estimated occupancy probabilities across species. The estimated species richness at site j(N j ) is thus calculated aŝ∑
that is, the species richness estimate at site j is equal to the expected number of species at the site.
The MSODM framework allows inference about the number of species that were completely missed during sampling 47, 48 . In our analysis however, estimation was restricted to species with a minimum of ten occurrences because of computational limitations on estimating rare and undetected species in large species by sites matrices. We fitted separate MSODMs to the three bathomes, shelf (320 species), upper slope (440) and deep-sea (58) (Fig. 1a-c) .
Our MSODM model makes two key assumptions: cell sites are visited multiple times over a period of population closure during which the occupancy status (Z ik ) of a site does not change. This assumption is likely to be violated at small spatial scales, however as we are estimating occupancy at large scales, it is possible to assume that occupancy in the 500-km cells should not change over the time scale of these data collections. The second assumption is that species identification is constant across the data set with no false-positive identifications in the data. The data used in this analysis was verified by a taxonomic expert (T.O.) from museumbased records or the taxonomic literature to ensure consistent identification across the whole data set. The spatial MSODMs for shelf, slope and deep-water assemblages are presented in Fig. 1a-c . We can also assess the uncertainty in spatial predictions of occupancy probabilities across all species in the MSODMs, we do this by presenting the mean variance in MSODM predictions for shelf, slope and deep-water diversity. The variance predicted occupancy probability is calculated spatially for each species and the mean variance across all species per cell (Extended Data Fig. 6a, b) .
Models were fitted using JAGS 52,53 , a program for Bayesian inference using Markov chain Monte Carlo (MCMC). JAGS was controlled via an R script using package R2jags 54 . Three chains were run with different initial values, a burn-in of 2,000 iterations and a minimum of 20,000 iterations with a thinning by 50. Model convergence was assessed using the R ('R-hat') statistic 55 . We present parameter posteriors distributions for covariate estimates, which represent the distribution of all species response to each covariate. We also present the 10th-90th percentile of species partial response to covariates as a function of occupancy (ψ) for each bathome (Extended Data Fig. 4) , we also report the mean posterior distributions of parameter estimates for all species (Extended Data Fig. 5) .
We also compared deviances of null (intercept only) and full covariate models for each bathome. Table of deviances, DIC and pD (an estimate of deviance relative to variance) are presented in Extended Data Table 4 . Bespoke C++ code, written using C++ and Armadillo C++ linear libraries 56 , which was integrated into the R environment using Rcpp 57 and RcppArmadillo
58
, was used to predict the occupancy of species individually from fine-scale environmental data. The code uses a 500 km moving window to estimate fine scale probabilities based on the original 500 km resolution of the original MSODMs. This essentially smooths predictions to be representative of the original cell size estimates. Figure 2 was derived from MSODMs, by predicting the probability of occupancy for each species at a series of depth bounds. For the shelf we predicted the probability of our 320 species at 50-m depth intervals (0-50, 50-100,100-150 and 150-200 m). For slope species we broke up the environment into 200-m depth intervals (200-2,000 m). While for abyss and lower slope we broke up the depth bands into 500-m intervals (2,000-6,500 m). The estimated species richness at site j(N j ) is thus calculated for each 500-km cell at each depth layer. We then took the mean of N j for each latitudinal band across the global prediction.
All analyses were undertaken in the R statistical language version 3.0 (ref. 59 ). Details about the packages and functions used are given under each section (we have made our JAGS model code publicly available on GitHub: https://github. com/skiptoniam/msodm_code). Spatial predictions were plotted using ArcMap v10 (ref. 60 ) and R spatial packages (Rgdal 61 , raster 62 , Maptools 63 and dismo 64 ). 
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